Polyadenylated mature mRNAs are the focus of standard transcriptome analyses. However, the profiling 15 of nascent transcripts, which often include non-polyadenylated RNAs, can unveil novel insights into 16 transcriptional regulation. Here, we separately sequenced Total RNAs (Total RNAseq) and mRNAs 17 (mRNAseq) from the same HIV-1 infected human CD4+ T cells. We found that many non-polyadenylated 18
mRNA production early after HIV-1 infection. We computationally derived and validated the underlying 23 regulatory programs, and we predicted drugs capable of reversing these HIV-1 induced expression 24 changes followed by experimental confirmation. Our results show that combined total and mRNA 25 transcriptome analysis is essential for fully capturing the early host response to virus infection and 26 provide a framework for identifying candidate drugs for host-directed therapy against HIV/AIDS. 27 Importance 28
In this study, we used mass sequencing to identify genes differentially expressed in CD4+ T cells during 29
Introduction 39 Recently, we reported the first transcriptome deep sequencing (RNAseq) analysis of a CD4+ T cell line 40 infected with HIV-1 (1). We observed both the dramatic expansion of viral mRNA expression and the 41 widespread differential expression of host genes. Particularly, we observed a striking discordance 42 between a small set (~1% of detected genes) of differentially expressed host genes and the large 43 amount of viral RNAs (~20% of total mappable reads) present at 12 hour post-infection (hpi), the earliest 44 time point studied. Given the large quantity of viral RNA detected, this apparent silencing of the host 45 transcriptional response at 12 hpi is intriguing, considering the expression of multiple host transcription 46 factors is already significantly altered at 12 hpi (1). 47
In that study, we adopted mRNAseq, the typical application of RNAseq focusing on polyadenylated 48 (polyA+) mature mRNAs through the use of polyT priming (1), which is also standard for microarray 49 analysis. By its design, mRNAseq leaves out the non-polyadenylated (polyA-) fraction of the mammalian 50 transcriptome which includes many non-coding RNAs (ncRNAs) and transcripts known to encode 51 proteins such as histones (2, 3) . A more recent report from the ENCODE project shows that polyA-52 transcripts can be found in most protein-coding genes (4). Also, studies sequencing total RNAs or 53 subcellular fractions of total RNAs have shown the capture of nascent pre-mRNAs in the polyA-fraction 54 of the mammalian transcriptome (5, 6) . Further, recent studies show a clearly detectable lag exists 55 between pre-mRNA and mRNA production in response to stimuli such as macrophage activation by LPS 56 (6) or TNF (7), and epithelial cell stimulation by epidermal growth factor (8). Also, splicing is indicated as 57 transcriptional changes, by integrating large-scale transcription factor chip-seq data and a human tissue 82 mRNAseq expression compendium, enabled predictions of underlying regulators such as transcription 83 factors and long ncRNAs. We then identified drugs capable of reversing the early transcriptional changes 84 induced by HIV-1 infection, and utilized the reversed drug expression profiles to refine regulator 85 predictions. With these predicted regulators, we computationally derived regulatory programs for the 86 induction of early transcriptional changes from a compendium of published expression data and 87 validated their predictability. Finally, we showed experimentally that lycorine, one of drugs predicted by 88 our computational analyses, potently inhibited HIV-1 infection of CD4+ T cells. 89
Materials and Methods

90
Cell culture, viral infection and drug treatment 91
Infection of the human CD4+ T cell line SUP-T1 with HIV-1 strain LAI, cell and virus propagation and 92 sample collection for RNAseq was described in (1). Briefly, SUP-T1 cells were obtained from American 93 Type Culture Collection (CRL-1942) and propagated in RPMI 1640 medium (Gibco) supplemented with 94 10% fetal bovine serum (HyClone), penicillin (100 U/ml), streptomycin (100g/ml), and GlutaMAX-I. HIV-1 95 LAI strain (catalog no. 2522) was obtained from the NIH AIDS Research and Reference Reagent Program 96 (Germantown, MD) and propagated in SUP-T1 cells. U373-MAGI-CXCR4CEM cells were obtained from M. 97
Emerman through the AIDS Research and Reference Reagent Program to test virus stock titers (11) . 98
Typical titers reached 10 7 infectious units per ml. Infections were carried out at a multiplicity of infection 99 6 5'GGCCTCCAAGGAGTAAGACC3', reverse primer 5'AGGGGTCTACATGGCAACTG3'). For qPCR assays of 105 lncRNAs, an independent time course of infections of SUP-T1 with HIV-1 LAI was carried out as described 106
in (14) . The infectious doses in both infections were optimized to achieve 100% infected cells at 24 hpi 107 with ~50% cell viability as measured by trypan blue exclusion assay. Infected cells were visualized by 108 immunofluorescence assay with rabbit HIV-1SF2 p24 antiserum kindly provided by BioMolecular 109
Technologies through the AIDS Research and Reference Reagent Program. 110 To test the effect of the drugs predicted to reverse HIV-1 induced expression changes, we first infected 111 1x10 6 SUP-T1 cells with HIV-1LAI at multiplicity of infection (MOI) 0.1 for 1 hour. After washing away the 112 virus inoculum, cells were suspended in medium containing DMSO or lycorine, and cultured for 24 113 hours. Cells were pelleted and total RNA was isolated and reversely transcribed into cDNA (using 114 Quantitect kit, Qiagen), and intracellular viral RNA quantified as described previously (13), with GAPDH 115 transcript serving as an internal control (forward primer 5'GGCCTCCAAGGAGTAAGACC3', reverse primer 116 5'AGGGGTCTACATGGCAACTG3'). Cells were also deposited on a microscopic slide and 117
immunofluorescent Gag staining carried out as described previously (1) . 118
For influenza virus infections of a polarized human bronchial epithelial cell line (Calu-3), three avian-119 origin influenza A viruses (IAVs) isolated from fatal human cases, A/Anhui/01/2013 (H7N9) [Anhui01], 120 A/Netherland/219/2003 (H7N7) [NL219] , and A/Vietnam/1203/2004 (H5N1) [VN1203] , and a seasonal 121 human virus, A/ Panama/2007 Panama/ /1999 [Pan99], were grown in the allantoic cavities of 10-day-old 122 embryonated hen's eggs for 24 to 28 h at 37°C for avian-origin viruses or for 48 h at 34°C for the H3N2 123 virus. Allantoic fluids from multiple eggs were pooled, clarified by centrifugation, aliquoted, and stored 124 at −70°C. The propagation, polarization and infection of Calu-3 cells were carried out as described in (15, 125 8 the downstream analyses we only kept those genes with at least 10 raw read counts in at least three 151 biological samples, and which were considered as detected in this study. Clustering and other statistical 152 analyses were performed using R (http://www.r-project.org/). For visualization, BAM files were 153 generated using TopHat and SAMtools (20) and displayed using the UCSC Genome Browser. 154
Compilation of custom human genome annotation 155
We created a custom human genome annotation using a hybrid approach. First we combined a 156 published catalog of human long non-coding RNAs (21) with a reference human annotation recently 157 released by the ENCODE project (Gencode v17). Independent of these known annotations, we re-158 constructed transcripts in each sample using Cufflinks (22) based on reads mapped to the human 159 genome, separately for mRNAseq and TotalRNAseq datasets. Only uniquely mapped reads were used as 160 this was meant to complement existing annotation. Transcripts assembled from individual samples were 161 merged together using Cuffmerge. All newly assembled transcripts were checked against the known 162 annotations as described above using the tool Cuffcompare from Cufflinks, and only those assembled 163 transcripts with the class code 'u' (unknown, intergenic transcript) were added into the combined 164 known annotations as predicted novel transcripts. 165
Identification of genes preferably detected by Total RNAseq relative to mRNAseq 166
To investigate if we captured non-polyadenylated transcripts through Total RNAseq analysis, we 167 compared for the same gene in the same sample the read counts from Total RNAseq analysis to that 168 from mRNAseq analysis. We reasoned that if non-polyadenylated transcripts were transcribed from a 169 gene, Total RNAseq analysis would consistently collect more short reads than mRNAseq analysis. To 170 facilitate the comparison, first for each sample by each RNAseq analysis the raw gene read counts were 171 scaled by the total gene read counts. Next, for each gene we counted the number of samples in which 172 the scaled read count from Total RNAseq analysis was 1.5 fold greater or more than that from the 173 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from corresponding mRNA-seq analysis. A gene was considered as enriched in Total RNAseq data if it had 174 more (1.5 fold or higher) reads in more than a half of the total samples. 175
Quantitative reverse transcription PCR (qPCR) 176
RNA was reverse transcribed using the QuantiTect reverse transcription kit (Qiagen, Valencia, CA) and 177 the resulting cDNA was diluted 50x. Primers for gene targets of interest were designed using Primer 3 178 program (http://frodo.wi.mit.edu/primer3). PCR was run on an ABI PRISM® 7900HT Sequence Detection 179 System in triplicate per each sample and target. Relative change in transcript abundance was calculated 180 using ∆∆Ct method with GAPDH as an internal gene reference. We inspected the expression change of 181 GAPDH in our RNASeq data and the expression change was negligible. We also checked against a second 182 calibrator (IRF-3) that did not change expression upon HIV-1 infection based on both the RNAseq data 183 collected here and an unpublished microarray dataset, and the results were identical to those derived 184 from the GAPDH-controlled experiment. Intracellular viral RNA load was quantified as previously 185 described (13). The expression changes of a set of 46 host genes were quantified using qPCR. These 186 genes were previously selected spanning a range of values for the validation of the results from 187 mRNAseq analysis, but only the results from 34 of 46 genes were reported (1). 188
Transcriptional factor binding site enrichment analysis with ChIP-seq data 189
ChIP-seq identified transcription factor (TF) binding sites from the ENCODE project (23) were 190 downloaded from the UCSC genome browser (http://genome.ucsc.edu). A TF was considered as found 191 in the promoter region of a gene if one of its binding sites was located within the window from 1000 bp 192 upstream to 100 bp downstream of its annotated transcriptional start site. Considering that the ENCODE 193 ChIP-seq data was a pool of data from different cell types, we limited our analysis to those genes which 194 had at least one Pol II binding site located in their promoter regions, indicating that they were actually 195 transcribed in the assayed cells. This requirement also ensured that the annotations of transcriptional 196 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from start sites were less likely incorrect. Hypergeometric test was used to test if the binding sites of a TF 197 were enriched in the promoters of a list of differentially expressed genes. For the list of genes 198 differentially expressed at 12 hpi, we limited our analysis to protein coding genes as they were mostly 199 (over 85%) protein coding genes and the differences in the frequencies of gene biotypes between this 200 set vs. the rest could bias the analysis. For lncRNAs, the enrichment analysis was performed for all 201 differentially expressed lncRNAs (12 and 24 hpi combined), as the list for 12 hpi was too small. Also a 202 similar analysis was done for the list of lncRNAs which were not differentially expressed during HIV-1 203 infection, in order to filter out TFs for which the enrichment might be due to differences in gene 204 biotypes. The following lncRNA categories were excluded from the analysis: 3prime_overlapping_ncrna, 205 antisense, sense_intronic, sense_overlapping, because their genomic overlapping with other annotated 206 genes introduced ambiguities in assigning binding sites. 207
Functional enrichment analysis 208
Functional analysis was performed using IPA (Ingenuity Systems, Inc). Ensembl gene identifier was used 209 to map each gene to its corresponding molecule in the Ingenuity Pathways Knowledge Base, a curated 210 repository of biological interactions and functional annotations. The p-value associated with a function 211 or a pathway was calculated using the right-tailed Fisher's Exact Test. For all analyses, IPA-generated p-212 values were adjusted using Benjamini-Hochberg Multiple Testing Correction. Enriched functions from 213 IPA analysis were custom processed to summarize redundant entries, i.e. different functions containing 214 the same or similar sets of genes, or a subset of genes in other functions. Specifically, a similarity 215 measurement between two functions was defined as the ratio between the number of overlapping 216 genes and the total number of genes in one of two functions with a smaller number of genes. The 217 corresponding distance was defined as 1 -the calculated similarity measure. Hierarchical clustering 218 analysis was performed on the all-against-all distance matrix using the single linkage clustering method 219 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from to group IPA functional categories into function groups. The most significant p-value among all functions 220 within each function group was defined as the p-value for the function group. These function groups 221 were further filtered if the genes in a function group were mostly covered by more significant (smaller p-222 value) function groups. Similar summarization and filtering was done for enriched canonical pathways. 223
Association of long ncRNA with functions enriched in genes differentially expressed at 12 hpi 224
We downloaded the alignment files of the mRNAseq read alignment of 24 human tissues and cell types 225 from the Human lincRNA Catalog website 226 (http://www.broadinstitute.org/genome_bio/human_lincrnas/?q=home), and then quantified gene 227 expression in each tissue the same way as we did for the RNAseq data collected here. We added 228 mRNAseq read counts collected from our control samples (the average of 3 mock infected replicates 229 from12 hpi as a single data column) representing T cells to the human tissue collection. Only those 230 genes with at least 10 raw read counts in at least 3 tissues were kept for the downstream analysis. The 231 normalized read count, counts per million (cpm), for each tissue was obtained using edgeR (19) . After 232 normalization, we further limited the following correlation analysis to those genes with non-zero entries 233 across at least 60% of tissues. The normalized read count cpms were log2 transformed before the 234 calculation of correlations, which was done using the bicor function provided by the WGCNA package 235 (24). For each lncRNA differentially expressed at 12 hpi, we ranked all other genes by their correlation 236 coefficients with the lncRNA. The ranked list was analyzed using the GSEAPreranked tool provided by 237 GSEA (25) to obtain the functions that were highly correlated with the lncRNA of interest. For GSEA 238 analysis, the human gene symbol was used to map each gene to the corresponding genes in the 239 reference function annotation database, here the function groups enriched in 12 hpi DE genes, which 240 were derived from the IPA analysis as described above, and the gene modules as described below. 241
Connectivity map 242
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To search for drugs which reversed the early expression changes induced by HIV-1 infection, we used 243 the publicly available Connectivity Map (cmap) database (build 02) (26). Cmap is a collection of genome-244 wide transcriptional data from cultured human cells treated with 1,309 different compounds. In cmap, 245 the basic unit of data is defined as an instance, which is a pair of a single treatment of a compound vs 246 the corresponding control and the list of genes ordered by their extent of differential expression 247 between the treatment and control pair. The same compound can be tested multiple times (under the 248 same or different conditions), and each of which is considered as an instance. Given a query signature, 249
i.e. a list of up-and down-regulated genes, a value between +1 and -1 (called the connectivity score) is 250 calculated for each of the instances in cmap. A high positive connectivity score indicates that the 251 corresponding compound induced the expression of the query signature. A high negative connectivity 252 score indicates that the corresponding compound reversed the expression of the query signature. 253
Instances are rank ordered by descending connectivity score. The top ranked instance (i.e. "score" = +1) 254 is said to be the most positively connected with the query signature. The bottom ranked instance (i.e. 255 "score" = -1) is the most negatively connected with the query signature. For each compound, cmap 256 calculates a measure of the enrichment of its instances in the either end of the order list of all instances 257 in cmap and a permutation p-value for that enrichment score. By default, cmap returns a list of the top 258 20 compounds best connected (positively and negatively) with the query signature, ordered in 259 ascending order of p-value then ascending order of (absolute) enrichment. We used the 500 most up-260 regulated and 500 most down-regulated genes at 12 hpi for query signature. Genes were mapped to 261 Affymetrix HG-U133A probe sets using Affymetix NetAffy Batch Query tool 262 (http://www.affymetrix.com/analysis/netaffx/index.affx) to query the cmap database. 263
Gene module construction, regulatory model learning and validation 264
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We manually queried NCBI GEO for human microarray datasets related to HIV infection and/or CD4+ T 265 cells. To minimize potential technical complications, we kept only datasets using the same microarray 266 platform, Affymetrix Human Genome U133 Plus 2.0 Array (Accession # GPL570 in GEO). For each 267 dataset, we downloaded the raw cel files and re-processed the same way using the 'rma' function in 268 R/affy package (27) . Probe set to gene mapping was obtained using Affymetix NetAffy Batch Query tool, 269 and probe sets mapped to the same gene were averaged. Within each dataset, we identified one control 270 condition (untreated, uninfected, time-point 0, etc.) and converted the expression measures to log2 271 ratios between each sample and the mean of the control samples to focus on the effects of 272 perturbations and to minimize potential technical differences across different datasets. This also 273 facilitated the downstream interpretation. We also averaged technical replicates and replicates of cell 274 line samples to maximally retain biological variations. 275
To find gene modules, we combined the obtained log2 ratios from each dataset and performed 276 weighted co-expression network analysis using the R package 'WGCNA' (24). We used 'signed' network 277 with the value of 6 for power and biweight midcorrelation 'bicor' for correlation calculation. For each 278 gene model we then learned predictive models from the compiled expression data. To derive predictive 279 models, we used a machine learning procedure called 'elastic net' which is implemented by the R 280 package 'glmnet' (28). For each gene module, the predictor variables were a set of candidate 281 predicators/regulators and the response variable was the median expression changes of genes for each 282 condition. In the case of 10 identified TFs as candidate regulators we fitted a linear regression model 283 (family='gaussian') with the lasso penalty (alpha=1) as there were no strong correlations among 284 predictor variables. The fitting procedure generates a set of selected regulators and the corresponding 285 regression coefficients for the linear regression model. In the case of the expanded set of 115 TFs and 286 lncRNAs as candidate regulators we fitted a linear regression model with the elastic net penalty. We 287 compiled the expanded list of candidate regulators based on the Gene Ontology (TF, GO:0003700) and 288 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from Gencode (lncRNA) annotation, and excluded ones which were not differentially expressed at 12 hpi 289 during HIV infection. For each gene module, we searched a series of values between 0 and 1 for alpha 290 and chose the one which gave the minimum mean cross-validation error. Here we used tenfold cross 291 validation, i.e. the samples were randomly partitioned into ten sets, of which nine sets were used to 292 'learn' a predictive model, which was subsequently used to blindly predict the outcome in the tenth set. 293
This process was repeated iteratively ten times and the model with the minimum mean cross-validation 294 error was identified and subject to the predictability assessment. To ensure the learning and evaluation 295 was robust, we first randomly divided the 173 conditions/samples into 10 subnets and learned 10 296 predictive models by leaving out one of the subsets each time. Then we used the learned model to 297 predict the overall expression changes of the gene module during HIV-1 infection. 298
Results
299
Total RNAseq uncovers non-ployadenylated transcripts differentially expressed in HIV-1 infected CD4+ 300
T cells 301
Previously, we infected SUP-T1 cells, a human CD4+ T lymphoblast cell line, with HIV-1 LAI under 302 conditions that gave a synchronous infection in ~100% of the cells, and collected samples at 12 and 24 303 hour post-infection (hpi) (1). To extend our prior mRNAseq analysis of polyA+ transcripts into less 304 studied polyA-transcripts, we sequenced Total RNAs (Total RNAseq) from the same set of samples plus 305 additional samples from cells treated with UV-inactivated virions ( Supplementary Table 1 ). Accordingly, 306
we expanded human gene annotation by combining the recent annotation provided by ENCODE (29), a 307 published catalog of human large intergenic non-coding RNAs (lincRNAs, one category of long ncRNAs) 308 (21), and un-annotated intergenic transcripts re-constructed from this RNAseq data using Cufflinks (22). 309
As shown in Table I , over 40% of genes in the expanded annotation encode ncRNAs and intergenic 310 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from transcripts, allowing us to better cover less studied ncRNAs along with well annotated protein-coding 311 genes. 312
We then quantified host gene expression changes during HIV-1 infection, separately using mRNAseq and 313
Total RNAseq (Methods). In total, 11,094 genes were differentially expressed (DE, FDR adjusted p-value 314 < 0.05) at one or more time points post HIV infection, by either or both RNAseq methods (Table 1) . Due 315 to the much deeper (2.2 fold higher on average) sequencing coverage of host non-ribosomal transcripts 316 by mRNAseq, the expression of 2,159 DE genes was only detected by mRNAseq. Yet, there were still 165 317 DE genes detected only by Total RNAseq, indicating these genes produced exclusively polyA-transcripts. 318
Not surprisingly, these genes were enriched with ncRNAs and intergenic transcripts while the majority of 319 DE genes detected only by mRNAseq were protein-coding genes ( Figure 1A ). 320
Since many human genes, including protein-coding ones, are found in both polyA+ and polyA-RNA 321 fractions (4), we investigated for what genes measuring both RNA fractions (by Total RNAseq) would 322 improve the detection of differentially expressed genes. To this end, we first identified genes for which 323
Total RNAseq tended to generate consistently higher expression abundances than the parallel mRNAseq 324 analysis across the same samples, an indication of the existence of polyA-transcripts. We found a set of 325 3,264 genes (out of 17,316 genes detected overall) which had expression abundances of 1.5 fold or 326 higher in Total RNAseq than the corresponding mRNAseq across more than 50% (6/11) of available 327 samples, hence considered as enriched by Total RNAseq. Compared to the rest of detected genes, it 328 contained relatively less (62% vs. 75%) protein coding genes, and more (23% vs. 12%) ncRNAs or 329 intergenic genes including known polyA-transcribed genes such as TERC and RMRP (Supplementary 330 Figure 1 ). Next, we examined the differential expression p-values of DE genes in this Total RNAseq 331 enriched set. Interestingly, these DE genes still tended to have better p-values in Total RNAseq than 332 mRNAseq data, even though their expression was detected by both RNAseq methods ( Fig 1B) . For some 333 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from genes, such as NEAT1 and MALAT1 that are known to be transcribed as polyA-transcripts, we observed 334 clear discrepancies in expression changes between Total RNAseq and mRNAseq measurements, and 335 independent analyses by qPCR agreed with Total RNAseq (Figure 1C and 1D ). In summary, these results 336 convincingly demonstrated for the first time that many polyA-host transcripts were differentially 337 expressed during HIV-1 infection in CD4+ T cells. The first application of combined Total RNAseq and 338 mRNAseq enabled the discovery of those genes which were differentially expressed during HIV-1 339 infection but not adequately addressed by mRNAseq due to polyA-transcripts. 340
Total RNAseq reveals broad early host transcriptional changes not detected by mRNAseq 341
Similar to our previous report (1), even with this expanded annotation we still only identified a small set 342 (220) of DE genes at 12 hpi by mRNAseq. Unexpectedly, we found many more (1,801) DE genes at 12 hpi 343 by Total RNAseq. Several comparisons showed that this difference was not a technical artifact. First, at 344 12 and 24 hpi Total RNAseq measurements agreed well (Pearson correlation coefficient r = 0.90-0.98) 345 with separate qPCR measurements over a large (46) set of genes that were selected independent of 346 Total RNAseq data ( Supplementary Figure 2A) . Second, at 24 hpi the overall expression changes of DE 347 genes agreed between mRNAseq and Total RNAseq (Supplementary Figure 2B) . These findings indicate 348 that the 12 hpi expression changes detected by Total RNAseq are accurate. 349
We categorized the 1,933 DE genes identified at 12 hpi sequentially into four exclusive sub-groups: a) 350 genes with adjusted p-value < 0.05 by mRNAseq, b) genes with raw p-value < 0.2 by mRNAseq, c) genes 351 enriched in Total RNAseq as described above, and d) the rest (Figure 2A ). Sub-groups a and b were 352 intended to cover DE genes found by mRNAseq (a) or likely found by mRNAseq (b), and sub-group c for 353 genes inherently not well detected by mRNAseq (e.g. polyA-transcripts). Interestingly, for both sub- To investigate reasons for the apparent discrepancies between mRNAseq and Total RNAseq for sub-358 group d ( Figure 2B ), we counted reads mapped to introns for each gene and performed differential 359 expression analysis the same way as we did for reads mapped to exons. We reasoned that the additional 360 immature transcripts captured by Total RNAseq could drive the observed differences (5, 6). Intriguingly, 361 for sub-group d, the expression changes measured by reads mapped to introns were positively 362 correlated (r = 0.6) with the expression changes measured by reads mapped to exons ( Figure 2C ). In 363 addition, 12 hpi expression changes were positively correlated (r = 0.7) with expression changes at 24 364 hpi. This indicates that for sub-group d, transcriptional changes that occurred at 12 hpi did not affect the 365 amount of mature mRNAs until a later time point such as 24 hpi ( Figure 2D ). A similar trend was also 366 evident for sub-group b, suggesting that mature mRNAs in this sub-group were affected by 367 transcriptional changes observed at 12 hpi by Total RNAseq, but not as significantly as for genes in sub-368 group a ( Figure 2C ). 369
To investigate if these sub-groups represent distinct biological functions, we identified biological 370 functions significantly enriched in all 12 hpi DE genes. For each enriched function, we then tabulated the 371 number of genes from each sub-group. In total, we found 14 major biological functions enriched in 12 372 hpi DE genes ( Supplementary Table 2 ). For most of these 14 enriched functions, genes spread across 373 multiple sub-groups, but with different degrees of relative contributions from each sub-group. For 374 example, sub-group a had relatively more genes related to T-cell differentiation while genes associated 375 with mitochondrial dysfunction or CTLA4 signaling tended to be from sub-group d (Supplementary 376 Figure 4 ). This suggests that genes across different sub-groups were part of the same biological 377 processes, but regulated distinctly as illustrated by different patterns of expression changes. In 378 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from summary, by contrasting Total RNAseq and mRNAseq measurements, we show that thousands of host 379 genes in CD4+ T cells had undergone significant transcriptional changes as early as 12 hpi, but for most 380 of these genes changes in the abundance of mature mRNAs were not detected until 24 hpi. 381
The initiation of many of HIV-mediated early host transcriptional changes, including the suppression 382
of genes associated with T cell functionality, is not dependent upon viral replication 383
To investigate the mechanisms driving the expression changes observed at 12 hpi, we evaluated the 384 expression changes in SUP-T1 cells treated with UV-inactivated, non-replicating HIV virions. We 385 performed this experiment because the interaction of cells with non-replicating HIV virions (or HIV 386 envelope protein gp120 alone) can trigger many intracellular molecular events (30, 31) . Strikingly, non-387 replicating HIV virions induced expression changes of similar trend as intact HIV viruses at 12 hpi, though 388 the magnitude of expression changes was smaller ( Figure 3A) . Functional enrichment analysis also 389 showed that similar functional categories (such as T cell functionality) were enriched in both lists of DE 390 genes ( Supplementary Table 3 ). These results indicate that the initiation of early host responses to HIV-1 391 infection in CD4+ T cells was largely independent of viral replication. 392
To investigate if any master regulators were driving the early host transcriptional changes, we searched 393 for transcription factors (TFs) with binding sites enriched in the promoters of 12 hpi DE genes. Using the 394 large scale TF chip-seq data from ENCODE (23), we found the binding sites of 58 TFs were enriched 395 (hypergeometric test p-value < 0.01) in the promoters of the 12 hpi DE genes. Clustering analysis 396 indicated the binding sites of some of these TFs tended to co-occur in the promoters of different subsets 397 of 12 hpi DE genes (Supplementary Figure 5 ), suggesting that some TFs functioned together. 398
Alternatively, the enrichment of binding sites of non-functional TFs could be merely due to the co-399 occurrence of their binding sites in the same promoters along with that of some other functional TFs. 400 on June 27, 2017 by guest http://jvi.asm.org/
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Next, we explored if any of these enriched TFs were associated with the transcriptional changes induced 401 by both the intact HIV-1 and UV-inactivated viruses. We examined 10 enriched TFs from sub-groups a 402 and b of 12 hpi DE genes as shown above. Since the levels of mature mRNAs encoding these 403 transcription factors also changed at 12 hpi, we reasoned that their regulatory activities were also more 404 likely to be modulated. Together, these 10 TFs had at least one binding site in 75% (1446/1933) of 12 hpi 405 DE genes, indicating their broad regulatory impacts on the early transcriptional changes. Among them, 406 MYC was the most down-regulated TF at 12 hpi, in samples from HIV-1 infected cells and samples from 407 cells treated with UV-inactivated virions, and had binding sites in the promoters of half (1,000/1933) of 408 the 12 hpi DE genes ( Figure 3B ). MYC binding sites were also enriched in the DE genes derived from cells 409 treated with UV-inactivated virions at 12 hpi, consistent with HIV-1 gp120 down-regulation of MYC 410 proteins in human mesangial cells (32). NFKB1 and FOS are two other enriched TFs with documented 411 interactions with gp120 (33), and the expression changes of FOS in cells treated with UV-inactivated 412 virions were in the same direction as in HIV-1 infected cells. The genes encoding two additional TFs, YY1 413 and ELK4, were among the genes differentially expressed in primary peripheral blood mononuclear cells 414 treated with gp120 (31). However, EGR1 was the most up-regulated TF in HIV-1 infected cells but was 415 down-regulated in cells treated with UV-inactivated virions, even though EGR1 binding sites were 416 enriched in both cases, indicating additional regulation likely occurred during intact HIV-1 virus 417 infection. To the best of our knowledge, this is the first report that contrasts the host response to intact 418
HIV-1 viruses vs. non-replicating virions by whole transcriptome analysis. The results show that the 419 initiation of many of early host responses was regulated in a replication-independent manner, involving 420 master transcription factors likely triggered by early interactions between HIV-1 and host proteins. 421 including HIV-1 infection (34). Compared to our prior analysis of mRNAseq data (1), here we identified 424 many more (1,098) DE lncRNAs (Table 1) , due to the expanded lncRNA annotation and the added Total 425
RNAseq data. To better evaluate the kinetics of lncRNA expression changes, we used qPCR to profile 11 426 annotated lncRNAs along with 8 newly identified intergenic loci and 2 annotated pseudogenes across a 427 finer time course of HIV-1 infection ( Figure 4A ). As expected, all examined lncRNAs were significantly 428 differentially expressed at 24 hpi, confirming the RNAseq results. Overall, the expression of these 429 lncRNAs tended to be monotonically up-or down-regulated throughout the course of HIV-1 infection. 430
Interestingly, even with this small set of lncRNAs, we observed four distinct expression change patterns, 431 separated by the earliest time point showing significant change (T-test p-value < 0.05) and the direction 432 of expression change ( Figure 4A) , indicating that the expression of these lncRNAs was tightly regulated 433 during HIV-1 infection. 434
To investigate if the differential expression of these lncRNAs was exclusive to HIV-1 infection, we 435 profiled a subset of these same lncRNAs in human airway epithelial cells infected with one of four 436 strains of influenza virus, including highly pathogenic H5N1 and recent H7N9 viruses. Surprisingly, 437 almost all of these lncRNAs were significantly differentially expressed during at least one of the influenza 438 infections, and the direction of expression changes induced by influenza viruses were mostly similar to 439 that in HIV-1 infection ( Figure 4B) . These results indicate that many of the lncRNAs differentially 440 expressed during HIV-1 infection are likely related to certain host responses triggered during different 441 virus infections. 442
Next, we investigated how lncRNAs were involved in the early host response, given that there were 98 443 lncRNAs significantly differentially expressed at 12 hpi. For this, we performed lncRNA function 444 prediction by a 'guilt-by-association' analysis similar to that described in (35). We first obtained a 445 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from collection of human tissue mRNAseq data (21), which allowed us to re-calculate the expression of 446 protein coding and noncoding genes consistently, in the same samples and with the same annotation 447 used here. Next, for each 12 hpi DE lncRNA, we calculated the correlations of the lncRNA tissue 448 expression levels to protein coding genes. We then applied Gene Set Enrichment Analysis (GSEA) to 449 identify functional categories enriched in highly correlated protein-coding genes to infer biological 450 functions associated with the lncRNA. As shown in Supplementary Figure 6A , individual lncRNAs were 451 strongly associated with the functions enriched in 12 hpi DE genes such as T cell functionalities and 452 mitochondrial dysfunction. These results indicate that these less studied lncRNAs are actually part of 453 early host response to HIV-1 infection. 454
To explore how lncRNA differential expression was regulated, we performed a similar TF binding site 455 enrichment analysis on all DE lncRNAs (Methods). We found that 12 TF binding sites were enriched (p-456 value < 0.05) in the promoters of DE lncRNAs but not in non-DE lncRNAs ( Figure S6B ). Among the TFs 457 identified, BCL11A is involved in negative regulation of gene expression and T cell differentiation (Gene 458 Ontology annotation). Interestingly, three of the TFs, JUN, FOS and FOSL1, are related to the AP-1 459 complex, and the genes encoding these TFs were up-regulated at 24 hpi. AP-1 is composed of a mixture 460 of homo-and hetero-dimers formed between Jun and Fos proteins, and the up-regulation of AP-1 461 during HIV infections and its interaction with various HIV proteins have been extensively studied (33). 462
The enrichment of AP-1 binding sites in lncRNAs has also been observed recently (36, 37), and our 463 results show that AP-1 regulates lncRNAs in a specific context, i.e. HIV-1 infected CD4+ T cells. Overall, 464 this analysis indicates that many of the DE lncRNAs were likely direct targets of transcription factors, 465 providing an alternative mechanism to connect these less studied lncRNAs with other functions. 466 returned drugs that induced similar and opposite transcriptional changes relative to the query gene 476 signature. We then looked for specific drugs with high negative connectivity scores, an indication that 477 the drug reversed the expression changes induced by HIV-1 infection. Lycorine, the highest ranked drug 478 with a negative connectivity score, had an average connectivity score of -0.699 over 5 different tests, 479 ranging from -0.629 to -0.860 ( Supplementary Table 4 ). Within the list of the top 20 ranked drugs, 5 480 other drugs also had negative connectivity scores: carbimazole (-0.537), SR-95531 (-0.416), Prestwick-481 1080 (-0.263), diazoxide (-0.334), and theobromine (-0.385). 482
Use of Connectivity Map data to refine predicted transcription factor regulation of the early host
Next, we compared the actual gene expression changes induced by lycorine against that by HIV-1 483 infection at 12 hpi. Out of the 1,279 genes differentially expressed at 12 hpi during HIV-1 infection that 484 had common identifiers mapped across the RNAseq and microarray platforms, most (68%, 870) had 485 reversed expression changes ( Figure 5A ). This list of genes with reversed expression changes included 32 486 TFs (out of the 58 identified above) with binding sites enriched in the promoters of 12 hpi DE genes. For 487 each of these 32 TFs, we then evaluated if its predicted targets were enriched in the genes with reversed 488 expression changes, indicating the predicted TF-target relationships were recapitulated here. In total, 14 489 (44%) of 32 TFs had their predicted targets enriched (hypergeometric test p-value < 0.05) in the genes 490 with reversed expression changes ( Supplementary Table 5 ). Interestingly, those TFs which themselves 491 were also differentially expressed at 12 hpi during HIV-1 infection, tended to be more likely to have 492 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from targets enriched in genes with reversed expression changes ( Figure 5B ). Specially, all 4 (100%) TFs which 493 had mRNA level changes at 12 hpi (subgroups a and b shown in Figure 2 ) had targets enriched in the 494 genes with reversed expression changes. Therefore, the use of both mRNA differential expression and 495 binding site enrichment at 12 hpi significantly improved the precision of our TF predictions. We then 496 pruned the initial list of 58 enriched TFs to those 10 TFs, which already covered most (75%) of 12 hpi DE 497 genes as noted above. 498
Derivation of regulatory programs to predict the early host transcriptional changes upon HIV-1 499
infection 500
Next, we investigated how these computationally identified TFs could regulate the observed early host 501 response. To do so, we first compiled a compendium of human expression data that are related to HIV 502 infection and/or CD4+ T cells (354 microarrays of a single platform from GEO, Supplementary Table 6 ). 503
Using this compendium of expression data (without the RNAseq data collected in this study), we then 504 constructed a co-expression network (24) for the genes which were identified above as differentially 505 expressed at 12 hpi during HIV infection. From the co-expression network we identified 9 gene modules, 506
i.e. clusters of highly interconnected genes. In total, 1,614 of 1,933 12 hpi DE genes were covered by the 507 microarray platform, 1,292 of which were covered by 9 gene modules together. As shown in Figure 6A , 508 genes within each module had highly similar expression profiles across different conditions, and each 509 module represented a distinct expression profile. 510
Both the patterns and the specific conditions of expression changes of gene modules offered additional 511 insights into the regulation of genes perturbed during HIV-1 infection ( Figure 6A ). For example, across 512 both CD4+ T cell activation time courses the genes in the module 'D1' were up-regulated but the genes 513 in the module 'D4' were down-regulated, suggesting genes in both modules are related to CD4+ T cell 514 activation, but regulated differently. Further, both modules tended to be up-regulated in CD4+ T cells 515 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from and lymph nodes isolated from HIV infected patients, though more obviously for the module 'D4', 516 indicating the expression of these genes is also perturbed in vivo. Genes in the module 'U1' also tended 517 to be up-regulated in CD4+ T cells and lymph nodes isolated from HIV infected patients. However, their 518 expression changes in two types of activated CD4+ T cells were opposite: down-regulated during 519 regulatory T cell activation while up-regulated during T effector cell activation, suggesting the up-520 regulation of these genes during HIV-1 infection is likely driven by regulatory mechanisms similar to 521 those that occur during T effector cell activation. Interestingly, the genes of this module also had a 522 tendency to be down-regulated in the CD4+ T cells from HIV resistant patients, hinting that reversing 523 their up-regulation upon HIV infection might confer resistance to infection. 524
Next, we explored if the identified TFs could predict the expression changes of gene modules during HIV 525 infection, a strong indication of their regulatory roles. To do so, for each gene model we attempted to 526 learn a predictive model from this compendium of expression data. Then we used the learned model to 527 predict the overall expression changes of the gene module during HIV-1 infection, with identified TFs as 528 predictors. To derive the predictive model, we used a machine learning procedure called 'elastic net' 529 (28), which automatically selects relevant features from high-dimensional data and generates a 530 predictive model with the lowest error through cross validation. Here, we used tenfold cross validation, 531
i.e. the samples were randomly partitioned into ten sets, of which nine sets were used to 'learn' a 532 predictive model, which was subsequently used to blindly predict the outcome in the tenth set. This 533 process was repeated iteratively ten times and the model with the minimum mean cross-validation 534 error was identified and subjected to the predictability assessment. 535
For each gene module, we built predictive models with those 10 identified TFs as candidate predictors 536 and the median expression change of genes of the module as the response variable ( Figure 6B step 3  537 and Supplementary Figure 7) . Very promisingly, we found for all 6 down-regulated gene modules, the 538 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from learned models correctly predicted their down-regulation ( Figure 6B step 4, Supplementary Figure 8 and 539 9), and three of them had predicted values very close to the median expression change, the metric used 540
to learn the predictive model. For comparison, we expanded the set of candidate predictors to all 115 541 annotated TFs and lncRNAs which were identified as differentially expressed 12 hpi during HIV infection 542 and covered by the microarray platform. Interestingly, the models learned with the expanded set of 543 candidate predictors generated similar predicated values for these 6 gene modules ( Figure 6B step 4 
and 544
Supplementary Figure 8 and 9) , indicating that the small set of identified TFs was sufficient to achieve 545 optimal predictability. However, for the module 'U1', the models derived from the expanded set of 546 candidate regulators did correctly predict its up-regulation at 12 hpi ( Supplementary Figure 8) , indicating 547 that more regulators remain to be identified in addition to those 10 TFs that were selected for this gene 548 module. Across the predictive models of different gene modules, the common TFs tended to have varied 549 regression coefficients ( Supplementary Figure 7) , representing different configurations of multiple 550 transcription factors for synergistic control of each gene module. For example, YY1 had most negative 551 regression coefficients for the module 'U1', indicating it negatively regulates the module's expressions. 552
But YY1 had most positive regression coefficients for modules 'D4', 'D5' and 'D6', an indication of strong 553 positive regulatory effects. ELK4 and ETS1 were not selected for module 'D4', suggesting no or very little 554 regulatory effect, but they had relatively large regression coefficients for modules 'D2', 'D3', and 'D6', an 555 indication of large effects there. In summary, these results provide additional evidence that the 556 computationally identified TFs are likely regulators, and they provide novel insights into the modular 557 regulation of the early transcriptional changes induced by HIV infection. 558
Lycorine, a drug identified using a host transcriptional signature, potently inhibits HIV-1 replication in 559
CD4+ T cells 560
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As shown above, the enrichment of relevant TFs was based on the prediction that lycorine could reverse 561 the majority of the host transcriptional changes in CD4+ T cells induced by HIV-1 infection. The gene 562 module analysis indicated that reversed host expression changes might be associated with HIV 563 resistance (module 'U1' in Figure 6 ). We therefore reasoned that lycorine should inhibit HIV-1 infection, 564 and we tested this prediction experimentally. As shown in Figure 7A , a diminishing amount of HIV-1 viral 565
RNAs was detected in SUP-T1 cells treated with increasing concentrations of lycorine, from about 10% 566 loss at 1 µM lycorine to over a 90% viral load loss in cells treated with 10 µM lycorine. Striking 567 differences in viral loads were also visible by comparing the amount of Gag staining in cell smears 568 ( Figure 7B ). Strong to moderate staining of Gag antigen was present in approximately a quarter of 569 untreated cells while less than one percent of cells treated with 10 µM lycorine showed Gag staining. 570
Further analyses showed that the decrease of HIV-1 viral loads was not the result of direct killing of host 571 cells by lycorine, while lycorine had inhibitory effect on cell proliferation ( Supplementary Figure 10) . A 572 manual search in PubChem (SID 56463667) showed that lycorine can target many host genes, such as 573 SMAD3, which is annotated as a negative regulator of cell proliferation. Lycorine also inhibits NFKB 574 activation in T cells (PubChem CID: 11972533 and AIDs:489035,489041,489033) and NFKB was up-575 regulated here and identified as a regulator (Figure 3 ). More studies are needed to elucidate the 576 detailed mechanism driving lycorine's inhibitory effect on HIV-1 infection, but these results convincingly 577 demonstrate the relevance of using the combined total and mRNA transcriptome analysis to fully 578 capture the early host response and the feasibility of developing host-based therapies for HIV-1 579 infection through systems analysis of the host response. 580
Discussion
581
Due to technical constraints, the relevance of unconventional transcripts, such as long ncRNAs and 582 polyA-transcripts, to HIV infection has not been systematically investigated. Here, we used RNAseq to 583 generate an unbiased profiling of host transcriptome changes in response to HIV infection. The 584 uniqueness of our approach is that we combined mRNAseq and Total RNAseq to quantify both polyA+ 585 and polyA-transcripts, in contrast to standard transcriptome analysis focusing on polyA+ mature mRNAs 586 using microarray or mRNAseq. Through a side-by-side comparison, we showed that HIV-1 infection 587 induced the differential expression of many polyA-transcripts, which were accurately detected by Total 588
RNAseq but not by the more frequently used mRNAseq. Since most annotated human genes transcribe 589 both polyA+ and polyA-transcripts (4), targeting only the polyA+ fraction significantly compromises 590 transcriptome analysis due to incomplete coverage. As evident here, one big challenge for Total RNAseq 591 is the need to deplete abundant ribosomal RNAs. Fortunately, protocols for more efficient ribosomal 592 RNA depletion have been developed, which will considerably improve Total RNAseq coverage of non-593 ribosomal transcripts. 594
Combined Total RNAseq and mRNAseq analysis revealed the striking finding that Total RNAseq detected 595 a widespread early host response to HIV-1 infection at 12 hpi that was not detected by mRNAseq. Our 596 analysis indicated that the discrepancy was mainly driven by nascent transcripts captured by Total 597
RNAseq and the detectable delay between pre-mRNA transcription initiation and the production of 598 mRNAs at the 12 hour time point. Several recent studies have shown a clearly detectable lag exists 599 between pre-mRNA and mRNA production in response to stimuli such as LPS or TNF activation of 600 macrophages (6, 7) or epidermal growth factor stimulation of epithelial cells (8). The observation that 601 splicing is a significant factor contributing to the delay between pre-mRNA and mRNA production (6, 7) 602 is particularly notable since HIV-1 infection can modulate host RNA splicing machineries (1, 9) . These 603 findings suggest the analyses of nascent transcripts will likely offer a more accurate picture of the 604 kinetics of transcriptional induction than mRNA analyses in case of HIV-1 infection. 605
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The discovery of large numbers of differentially expressed lncRNAs during HIV-1 infection presents new 606 challenges and opportunities in AIDS research. Zhang et al. reported that the knockdown of the lncRNA 607 NEAT1, also up-regulated here ( Figure 1D) , enhanced HIV-1 production by increasing the export of Rev-608 dependent instability element-containing HIV-1 mRNAs from the nucleus to the cytoplasm (34). This 609 example clearly demonstrates the relevance of lncRNAs to HIV-1 infection, but more systematic 610 approaches are needed to efficiently prioritize lncRNAs for mechanistic studies. Here, we leveraged a 611 human tissue expression compendium to infer lncRNA function through correlated expression of 612 functionally annotated genes. The effectiveness of this 'guilt-by-association' strategy has been 613 illustrated previously, using expression data collected from custom-designed ncRNA microarrays (35) or 614 simply re-annotating existing microarrays (38). With RNAseq or comparable technologies, future studies 615 will have more complete coverage of both ncRNAs and coding genes. Previously, we found mouse 616 lncRNAs differentially expressed during severe acute respiratory syndrome coronavirus and influenza 617 virus infection (10), and here lncRNAs differentially expressed during HIV-1 infection were also 618 differentially expressed during influenza infection. Combining gene expression data from different virus 619 infection studies will therefore likely improve the statistical power for ncRNA functional inference and 620 facilitate the prioritization of HIV-1 infection-related lncRNAs. 621
The more complete characterization of early transcriptional changes induced by HIV-1 infection offers at 622 least two unique benefits. First, it enables investigation of underlying molecular regulatory mechanisms. 623
Our strategy relied on the integration of multiple large-scale orthogonal datasets including chip-seq TF 624 binding sites, a tissue expression compendium, an HIV-protein interaction database, and a compendium 625 of related expression data compiled from GEO. Combining the expression profiles induced by non-626 replicating virions and TF predictions, our analyses show that early transcriptional changes are largely 627 initiated in a manner independent of viral replication, and we identified specific master regulators 628 triggered by HIV-host interactions. Next, we combined network analysis and machine learning 629 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from techniques to show that identified regulators were indeed predictive of the early transcriptional 630 changes. Not only do these results provide additional evidence for the relevance of predicted regulators, 631 but also they offer novel insights into transcriptional regulation. In particular, we showed how those 632 host genes were regulated in a modular manner under the synergistic control of multiple regulators, and 633 not by a particular regulator. Also we inferred that less studied long ncRNAs are potentially additional 634 regulators, which has not been done routinely. The integration of the emerging ncRNAs is made feasible 635 because the generation of genome-scale data by RNAseq or chip-seq is independent of gene annotation. 636
These emerging ncRNAs may represent a new class of biomarkers for HIV disease progression or drug 637
targets. 638
Another benefit to our approach is that it can be used to discover candidate drugs which could be re-639 purposed for treating HIV-1 infection. In this study, we used Connectivity Map (26), a large collection of 640 drug transcription profiles. With the expression signature of HIV-1 infection identified at 12 hpi, we 641 found several drugs capable of reversing the gene expression changes induced by HIV-1 to various 642 degrees. In particular, lycorine, an alkaloid compound found in plants, was predicted to reverse about 643 70% of the gene expression changes induced by HIV-1 infection at 12 hpi. Remarkably, we showed 644 experimentally the lycorine potently inhibited HIV-1 infection of CD4+ T cells. This result convincingly 645 demonstrates the principle strategy we developed will be effective in discovering more host-based 646 antiviral therapies, since the databases of drug profiles are continuously growing. Lycorine has 647 previously been reported to have antiviral activity against flaviviruses (39), and even against HIV-1 in 648 human T cells (40), but by unknown or virus-based mechanisms. Our results suggest that lycorine's 649 regulatory impact on the host response is a likely mechanism of action, which is a novel finding. Since 650 targeting the host response is very different from targeting viral proteins, lycorine and its derivatives 651 (and other drugs identified here) could be further investigated for treating HIV-1 infection. Also, the 652 results that reversing the expression changes of a subset of host genes as defined here can confer 653 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from resistance to HIV infection indicate that we have identified candidate host restriction factors for HIV 654 infection, which are worthy of more investigation. Here, we used the reversed expression profiles to 655 assess and refine the predicted regulators. Therefore, these drugs can also be used experimentally as 656 perturbations to better understand HIV biology. 657
In conclusion, by contrasting transcriptome sequencing by total RNA and mRNA, we show that there are 658 widespread nascent host transcriptional changes early after HIV-1 infection of CD4+ T cells, but the 659 production of mature mRNAs is largely delayed until later. Using integrative computational analysis, we 660 uncovered possible regulatory mechanisms driving these transcriptional changes. This more complete 661 characterization of the early host response also enabled the discovery of promising drugs for treating 662
HIV-1 infection. This study provides a framework for better understanding HIV biology through iterations 663 of systems level analyses, which will guide the development of targeted intervention of HIV-1 infection 664 in the future. 665 are Pearson correlation (r), the number of genes included in (n, black) or excluded from (x, red) from the 829 calculation of correlation. The exclusion criteria was the log2 infection/mock ratio difference larger than 830 4. Log2 infection/mock ratio larger than 3 was truncated to 3 with symbol '+'. 831 we randomly divided the 173 conditions/samples into 10 subnets and learned 10 predictive models, but 877 leaving out one of the subsets each time (as described in the main text). The boxplot for each TF shows 878 the distribution of its regression coefficients across the 10 predictive models. For the boxplot, the 879 on June 27, 2017 by guest http://jvi.asm.org/ Downloaded from whiskers extend to the most extreme data point, which is no more than 1.5 times the interquartile range 880 from the box. Bottom, the comparison of the predicted values and the measured expression changes for 881 gene module 'D1' during HIV-1 infection, separately at 12 hpi (Total RNAseq) and 24 hpi (mRNAseq). 882
Figure Legends
Each of the 10 learned models generated one predicted expression change for the gene module. The 883 boxplot in purple shows the spread of 10 predicted values from the models using 10 identified TFs as 884 candidate regulators, and the boxplot in blue shows the models with the expanded set of 115 
